Abstract: This work presents a model for the inclusion of chemical water stability in optimizing the operation of water distribution systems. When desalinated water is mixed with surface water and/or groundwater, the blend can become chemically unstable. Such a state can cause the phenomena of "red water," an increase in corrosion rates, and a reduction in disinfection efficiency. In this study, a methodology is developed that links a genetic algorithm, a hydraulic and water quality extended period simulator, a numerical scheme for computing the calcium carbonate precipitation potential (CCPP) [the quantitative measure of the precise thermodynamic potential of a solution to precipitate (or dissolve) CaCO 3ðsÞ ], and the pH of the water. The model minimizes the cost of pumping and treatment subject to quantities, pressures, CCPP, and pH constraints. Two example applications are utilized for demonstrating the methodology capabilities. Although the model provides a new tool for the explicit inclusion of chemical water stability in optimal operation of water distribution systems, it overlooks variations in pump efficiency at operational points, does not constrain the number of pump switches, the minimum pump operation and off times, the durations between pump start and shutoff, and the plant or source capacity. Those limitations should be considered in possible extensions of this study.
Introduction
Desalinated water is providing an increasing portion of the total fresh water supply in a growing number of countries. The reported global desalination installed capacity in 2009 was approximately 60 million m 3 =day (International Desalination and Water Reuse Quarterly 2009). Because global water consumption is predicted to double every 20 years, this figure is expected to increase considerably in the next decade.
The problem of water's chemical stability arises in systems supplied by a mixture of desalinated water, surface water, and groundwater. It can be shown (e.g., Lahav and Birnhack 2007) that the chemical stability of the desalinated, ground, and surface water blend, as manifested by the calcium carbonate precipitation potential (CCPP) of the water, which is the quantitative measure of the precise potential of a solution to precipitate (or dissolve) CaCO 3ðsÞ , can become negative. A negative CCPP is widely accepted as an unstable chemical state of the water with respect to its interaction with the distribution system.
The most known and problematic occurrence related to unstabilized water is the phenomenon of "red water," which describes a situation in which a layer of (mostly) iron oxides is detached from the internal surface of metal pipes into the water, which then reaches the consumer's taps with a characteristic yellow-brownred color. Another well-known problem is the deterioration of metal pipes due to slow corrosion. Beyond destroying the pipes, the products of corrosion consume chlorine products, rendering disinfection less efficient, creating scales on the pipe's surface that increase the energy required for pumping, support biofilm growth, and may produce suspensions of (mainly) iron particles that result in water that is not appealing to the consumer (Sarin et al. 2004) . All these problems occur primarily in old low-diameter galvanized pipes (15-75 mm or 0.5-3 in.), which are widespread inside cities and in households. Such pipes lose their zinc oxide coating after several years and become susceptible to corrosion. Larger-diameter pipes of regional conveyance systems are commonly protected by a cement layer. This paper addresses the regional scale, but it should be noted that nonstabilized water in the regional scale may lead directly to corrosion and red water problems in the municipal and single-household scales.
Alid and AI-Faraj (1994) were the first to propose a multiquality water distribution system optimization model with explicit consideration of desalinated water. Their study used goal programming for optimal daily allocation of desalinated water from a desalination plant that was mixed at consumer nodes with brackish groundwater from wells with different salinity concentrations. Imran et al. (2005 Imran et al. ( , 2006 explored the impacts on corrosion of pipelines by mixing ground, surface, and desalinated waters, and in particular the resulting release of lead, copper, iron, and monochloramine. Taylor et al. (2006) performed a 1-year study similar to Imran et al. (2005 Imran et al. ( , 2006 demonstrating a significant deterioration in water quality by increased color when source water blends with characteristics different from historic groundwater were mixed. Imran et al. (2006) recognized the need for an optimization model for multiquality water distribution systems that explicitly addresses the problem of chemical water instability as a result of blending waters from different types of sources. Imran et al. (2009) identified research needs for reducing the effects of varying water chemistry on distribution infrastructure and proposed a hierarchical relationship model for assessing the consequences that treatment processes may have on existing infrastructure.
None of the above studies addressed in an explicit hydraulic multiquality optimal operation model the inclusion of chemical water stability. This work suggests such a scheme through extending Ostfeld et al. (2007 Ostfeld et al. ( , 2010 and Lahav et al. (2009) .
Chemical Water Stability Quantification through CCPP
The CCPP is a quantitative measure of the precise potential of a solution to precipitate (or dissolve) CaCO 3ðsÞ . As such, it constitutes an unambiguous parameter that can be used in the context of guidelines or regulations without invoking misunderstanding (Merrill and Sank 1977) . The iterative procedure used for CCPP calculation is described in numerous publications and embedded in water treatment simulation software, such as STASOFT4 (Loewenthal et al. 1988 (Loewenthal et al. , 2004 ) and AWWA's RTW4. In contrast, the Langelier saturation index (LSI), which is sometimes used in this context, is a qualitative parameter that can only be used to determine the state of saturation (i.e., saturation, undersaturation, or supersaturation); however, its specific numerical value, representing a pH difference, is almost meaningless, and consequently this index cannot be used when a precise degree of potential supersaturation range is required (Merrill and Sank 1977; Lahav and Birnhack 2007) .
In the United States, the typical range for CCPP values that is unofficially required for the stabilization of soft waters lies between 4 and 10 (mg=L as CaCO 3 ) (Merrill and Sank 1977; Ramond 1999) . A similar recommendation appears also in the most recent World Health Organization (WHO) guidelines. Elsewhere, and especially in South Africa where soft waters abound, lower CCPP ranges of between 2 and 5 (mg=L as CaCO 3 ) (Schutte 2001) , and even between 1 and 2 (mg=L as CaCO 3 ) (de Souza et al. 2002) , are recommended.
Selecting the recommended CCPP range is commonly based on the following reasoning: when setting the lower limit for CCPP, it should be noticed on the one hand that too-low a value might not be needed because it would not be sufficient for providing a driving force for CaCO 3ðsÞ precipitation on the pipe's wall, but on the other hand, a too-high CCPP value [for given Ca 2þ and alkalinity (i.e., H 2 CO Ã 3 alkalinity) values] requires maintaining a relatively high pH value, which might render chlorine disinfection less effective. The commonly used term "alkalinity" in natural waters refers to the value of H 2 CO Ã 3 alkalinity, defined as the proton-accepting capacity of the solution with respect to H 2 CO Ã 3 as reference species. Furthermore, although higher CCPP values increase the driving force for CaCO 3 precipitation on the pipe's internal surface and thus increase the potential for the formation of a denser, more effective precipitate passivation layer, an upper CCPP limit should also be set to prevent buildup of excessive CaCO 3 scales on pipes and pumps.
The use of CaCO 3 precipitation indexes as a sole tool for assessing the chemical stability of drinking water has been often challenged (e.g., Singley 1981; Imran et al. 2005) . However, to date it is still the most widely used parameter, primarily because of its relative simplicity and because carbonate alkalinity and dissolved calcium are invariably present in drinking waters and at concentrations that are considerably higher than any other protective solid that may precipitate on the pipe's wall.
The Problem of Chemical Stability of Mixed Water
When different water sources are blended in a distribution system, the chemical stability of the blend is significantly influenced by the individual buffering capacity of the original water streams.
The chemical stability of water, as determined by the sign of the CCPP value, depends on the relations between the parameters alkalinity, Ca 2þ , and pH. Under the valid assumption that no meaningful precipitation of calcium and carbonate species occurs inline, the alkalinity and Ca 2þ concentrations [and also the acidity (i.e., CO 2À 3 acidity) value, as opposed to pH and CCPP] may be considered "conservative" parameters in the sense that their concentrations in an inline blend can be determined by a simple weighted average. The pH value of the blend can be determined from the relationship between the blended alkalinity and acidity values. CCPP, in turn, is calculated from the knowledge of the alkalinity, Ca 2þ , and pH values in the blend. Because of the nonlinear relationships among these parameters, when desalinated water with a relatively low buffering capacity and a relatively high pH is mixed with typical groundwater that has a high alkalinity (and a high buffering capacity) and a relatively low pH (around pH 7.0), certain blends might result in a negative CCPP value even if both original waters had a positive CCPP (Lahav and Birnhack 2007) .
To overcome this problem, the pH of the blend must be increased. This can theoretically be done by either elevating the pH of the groundwater or by increasing the buffering capacity of the desalinated water (i.e., increase the alkalinity value while maintaining the pH value around pH 8). Increase of groundwater pH can be accomplished by either exposing the water, which is supersaturated with respect to CO 2ðaqÞ , to the atmosphere, or by the addition of a strong base (e.g., NaOH).
These two latter options are complex and less attractive, especially if the water distribution system is supplied by a number of low-capacity wells. Exposing the water to the atmosphere requires doubling the pumping equipment, and dosage of NaOH into typically well-buffered groundwater is both costly and also results in increased concentration of unwelcome Na þ ions in the water. It follows that the most practical solution to this problem would be to increase the alkalinity concentration (and thus the buffering capacity) of the desalinated water, while maintaining a positive CCPP value as part of the posttreatment process in the desalination plant. This option is adopted in the suggested model.
Model Formulation
The model formulated in this paper is for the inclusion of chemical water stability considerations in optimizing the operation of water distribution systems. The objective is to minimize the cost of pumping and treating the water for an operational time horizon subject to required quantities, pressures, and chemical water stability constraints.
Objective Function
Energy cost is as follows:
where E C = energy cost ($); N = time periods in the operational time horizon; M = number of pumping units; φ i = electricity tariff at the ith time period ($=kW-h); Δt i = duration of the ith time period (h); q ij = flow delivered at the ith time period by the jth pumping unit (m 3 =h); ΔHp ij ðq ij Þ = head gain at the ith time period by the jth pumping unit (m); and η ij ðq ij Þ = efficiency at the ith time period of the jth pumping unit (-).
Treatment cost is as follows:
where T C = treatment cost ($); K = number of desalination plants; Alk k = required alkalinity at the kth desalination plant (mg=L as CaCO 3 ); λ k ðAlk k Þ = alkalinity treatment cost ($=m 3 ) equal to 6 × 10 À4 Alk k À 9:6 × 10 À3 (e.g., a cost of 0:038 $=m 3 is required for receiving an alkalinity concentration of 80 mg=L as CaCO 3 at a desalination plant outlet); and q ik = flow delivered at the ith time period by the kth desalination plant (m 3 =h). The relationship for λ k ðAlk k Þ is empirical and is based on real data from the Ashkelon and Palmachim desalination plants in southern Israel (Lahav et al. 2009 ).
Constraints
Minimum head is as follows:
where H ir = total head (m) at the ith time period at the rth system's node; H min ir = minimum total head (m) required at the ith time period at the rth system's node; and R = set of nodes on which minimum head requirements are imposed.
CCPP range is as follows:
where CCPP is = carbonate precipitation potential (CCPP) (mg=L as CaCO 3 ) at the ith time period at the sth system's node; CCPP min and CCPP max = minimum and maximum CCPP bounds (mg=L as CaCO 3 ), respectively; and S = set of nodes on which CCPP and pH (elaborated subsequently) constraints are imposed. Maximum pH is as follows:
where pH is = pH at the ith time period at the sth system's node; and pH max = maximum pH value. The rationale behind setting a maximum value for pH relates to its inverse effect on the efficiency of disinfection and regrowth of microorganisms within the distribution system (i.e., the lower the pH value, the higher the bacteriocide efficiency of both free chlorine and chloroamine species). Tanks closure is as follows:
where V = number of storage tanks; S initial v and S final v = vth tank initial and final volumes, respectively; and ε = user-selected tolerance number. If ε ¼ 0 and V ¼ 1, the initial and final tank volumes (and thus the tank water levels) coincide.
Decision Variables
The model decision variables for each time period i are (1) the scheduling of the pumping units (binary) (i.e., which pumping unit is operating at each time period) and (2) the alkalinity level (real) required at each of the desalination treatment plants.
Observations 1. The physics of the system represented by Kirchoff's laws Numbers 1 and 2 for continuity of mass and energy, respectively, along with the equations describing the transportation and reactions among the water quality chemical parameters are formally part of the model constraints. Those were not described explicitly previously but are inherently incorporated within the solution framework, which utilizes a genetic algorithm [optiGA, Salomons (2001) ] scheme linked with EPANET (U.S. EPA 2008) for simulating water quantity, pressure, and conservative water quality parameter distributions, and with STASOFT4 (Loewenthal et al. 1988 (Loewenthal et al. , 2004 for computing CCPP and pH values. 2. Eq. (6) is a mass balance closure constraint with respect to the system tanks storage (i.e., leaving the system at the end of the operation with the same amount of water as received). This same rationale can also be used for water quality (i.e., returning at the end of the operation to the initial water quality conditions). The latter was found to be extremely stringent for the solution methodology and was not incorporated. The model thus arrives at the end of the operation to a new feasible water quality distribution point, which might differ from the initial state. This issue needs further consideration. , and a numerical scheme [STASOFT4 (Loewenthal et al. 1988 (Loewenthal et al. , 2004 ] for CCPP and pH computations. Genetic algorithms are already very well known to the water distribution systems community; thus, most of their technical details are not repeated in this paper because they can be found elsewhere (e.g., Goldberg 1989) . Briefly stated, a genetic algorithm (GA) (Holland 1975 ) is a domain heuristic independent global search technique that imitates the mechanics of natural selection and natural genetics of Darwin's evolution principle. A GA simulates the natural evolution mechanisms of chromosomes represented by string structures involving selection, crossover, and mutation. Strings (i.e., the decision variables) may have binary, integer, or real values.
Solution Scheme
For a given pump schedule and alkalinity levels at the desalinated water sources (Fig. 1) , EPANET computes the distribution of flow, pressure, and five assumed conservative parameters: total Genetic algorithm (optiGA) (6)]. This procedure repeats itself for each member of a GA population.
Subsequently, the GA selection is performed, with the first parent selected by its fitness order, the second randomly. Crossover is as follows: for the binary part (i.e., the pump schedule) it is done by two points crossing over, and for the real part (i.e., the alkalinity levels) by using blending [i.e., offspring 1 ¼ parent 1À b × ðparent 1 À parent 2Þ, offspring 2 ¼ parent 1 þ b × ðparent 1À parent 2Þ, where b = random number between 0 and 1]. Mutation is as follows: for the binary part it is done by randomly flipping one of the bits, and for the real part by randomly selecting and flipping one of the genes (i.e., a decision variable) with a random value within its corresponding feasible domain. In addition, the best string in each generation is moved unchanged to the next (i.e., elitism property). The GA stops at the maximum number of generations or earlier if no cost improvement was attained at a predefined number of generations.
Applications
Two example applications of increasing complexity are explored in this paper: Example 1 is an illustrative two-loop system, following Ostfeld and Salomons (2004) , Ostfeld et al. (2007) , and Lahav et al. (2009) , and Example 2 resembles a real network, based on EPANET Example 3 and Ostfeld and Salomons (2004) . Both examples should be considered as semirealistic because they were adapted for this work. The operational electricity tariffs and the desalination treatment costs are based on real-life data from water distribution systems in Israel.
Example 1
The water distribution system layout of Example 1 is described in Fig. 2 . The system is fed by three substantially distinct chemically characterized water quality sources: DWS (desalinated water source), SWS (surface water source), and GWS (groundwater source). The quality sets chosen to represent the three water sources were based on real-life data. For example, the desalinated water quality is the one produced by the new 145 million m 3 =y Hadera plant in Israel. It is subject to an extended period demand loading pattern of 24 h, consists of 11 pipes (1-11), six consumer nodes (A-F), eight pumping units (P1-P8), and an elevated storage tank. Table 1 shows the system's node data: elevation, base demand, and the water quality parameters. Table 2 describes the pipe and pump data, and Table 3 describes the base demand pattern coefficients and electricity tariffs. The elevated storage tank is assumed to be cylindrical with a diameter of 20 m, and with initial and maximum water levels of 5 and 10 m, respectively. Constraints are at nodes A-F on a minimum pressure head of 30 m, a maximum pH of 8.5, and minimum and maximum CCPP values of 1 and 10 (mg=L as CaCO 3 ), respectively. The efficiency of all pumping units is assumed to be a constant of 0.75. The Darcy-Weisbach head loss equation (Table 2) is used for computing pipe head losses. This is to retain consistency with previous publications (Ostfeld and Salomons 2004; Ostfeld et al. 2007; Lahav et al. 2009 ). Amendment to the more common Hazen-Williams head loss equation can be easily accomplished (e.g., by using Allen 1996) .
Base Run and Sensitivity Analysis
Figs. 3-7 show detailed results for the base run (BR) of Example 1. Table 4 provides a summary of the BR outcome and four additional sensitivity analysis (SA) runs. Fig. 7 gives statistics of multiple runs of the model with the BR data. and 21:00-12 midnight) and drains during the high and medium electricity tariff periods (8:00-16:00 and 16:00-21:00). This selfexplanatory logic of the tank's behavior is an important engineering judgment indication of the proposed methodology capability required to obtain good solutions (i.e., as no formal proof of optimality exists). Fig. 4 describes the pumping unit's operational schedule with most of the water (2;098 m 3 , 45% of total supply) provided by the desalinated water source, 25% (1;193 m 3 ) by the surface water source, and 30% (1;384 m 3 ) through groundwater. The model assumes constant efficiency of the pumping units and does not constrain the number of pump switches, the minimum pump operation and off times, and the durations between pump start and shutoff. Those should be further considered in extensions of this work.
Base Run
Figs. 5 and 6 describe the water quality constituent variations at Nodes A and C, respectively. Figs. 5(a) and 6(a)show the simulated EPANET conservative parameters: electrical conductivity (EC) (mS=m) [TDS ðmg=LÞ=6:7] ; temperature (Temp) (°C); calcium (Ca 2þ ) (mg=L); acidity (mg=L as CaCO 3 ); and alkalinity (mg=L as CaCO 3 ). Figs. 5(b) and 6(b) detail the STASOFT4 outputs of pH and CCPP (mg=L as CaCO 3 ). The maximum received pH value is 7.9, obtained at Node F at 11:00, and the minimum CCPP value is 2.2, attained at Node D at 8:00.
The variation in pH and especially in the CCPP value as a function of the change in the conservative parameters is complex and difficult to anticipate without making use of the computation algorithm. However, to shed light on the outcome of the algorithm, the simulated results were assessed at peak instances. One such example is at time 10:00 at Node C (Fig. 6 ). At that location and time, water is mixed from the three sources to result in a maximum of alkalinity and acidity concentrations. Because the attained acidity concentration is significantly higher than the alkalinity concentration, the pH value drops from pH 7.8 to pH 7.33. Despite the drop in pH, the CCPP value increases from 3.3 (at 9:00) to 6:7 mg=L as CaCO 3 at 10:00. The reason for this increase is associated with a sharp increase in the value of the total inorganic carbon concentration at 9:00 and 10:00, which was 94.2 and 251.2 mg=L as CaCO 3 , respectively. This results in an overall increase in the concentration of the species CO 2À 3 , and thus in the CCPP precipitation potential (the Ca 2þ concentration increased only slightly between 9:00 and 10:00).
The best BR solution (Table 4 ) has a total cost of $279.9, comprised of $230 (82% of total cost) for electricity and $49.9 (18%) for treatment. The required alkalinity concentration at the DWS is 89 mg=L as CaCO 3 . Fig. 7 provides statistics of 30 BR data model repetition runs. The model maximum number of generations, population size, and mutation probability, were 50, 50, and 0.02, respectively. The algorithm stopping criterion was the first occurring instance between five subsequent generations with no cost improvement and the maximum predefined number of generations. Running time was on average 18.4 h (i.e., 1;850 objective function cost evaluations ¼ 37 generations × 50 strings in each population) on a Lenovo PC Duo Core CPU P8400 at 2.26 GHz with 3 GB of RAM. In approximately 20% of the trials, no feasible solution was obtained at the end of the run. Fig. 7 shows only successful trials.
Sensitivity Analysis
Four sensitivity analysis runs were conducted to test the model response to data and constraint modifications (Table 4 ).
In Sensitivity Analysis 1 (SA1) the water quantity extracted from the DWS was constrained to a minimum of 3,000 m 3 =day. As a result, the amount supplied from the DWS was 3,097 m 3 (2,098 m 3 at the BR), the alkalinity was raised to 95 mg=L as CaCO 3 (89 at the BR), and the total cost increased to $346.1 ($279.9 at the BR). SA1 demonstrates a decline in the obtained result (i.e., an increase in cost) if there are constraints on minimum water supply, which are typical in the case of desalinated water production. In SA2 a cost of 0.8 $=m 3 was enforced on purchasing water from the GWS. This yielded a reduction of the supplied quantity from the GWS to 825 m 3 (1,384 m 3 at the BR) and an alkalinity increase to 96 mg=L as CaCO 3 at the DWS. In SA3 the base demand at Node C was raised to 80 m 3 =h (55 m 3 =h at the BR). This caused an increase in total cost to $304.8 and reductions of the minimum attained pressure to 34.33 m (37.96 m at the BR) and of the alkalinity at the DWS to 70 mg=L as CaCO 3 . In SA4 the 0.0006 alkalinity cost coefficient [see Eq. (2)] was altered to 0.006 (i.e., an increase of one order of magnitude of the alkalinity cost per one cubic meter). This raised the supplied DWS quantity to 2,341 m 3 and reduced the DWS alkalinity concentration to 70 mg=L as CaCO 3 . Example 2
The layout of Example 2 is shown in Fig. 8 . The system consists of a desalinated water source, a surface water source, and a groundwater source, entitled DWS, SWS, and GWS, respectively; three elevated storage tanks (T1-T3), 120 pipes, 94 nodes, and 10 pumping units: P1-P5, P6-P8, and P9, P10, extracting water from the SWS, the DWS, and the GWS, respectively. The DWS, SWS, and GWS are at elevations of 5, 10, and 5 m, respectively; the tanks (T1, T2, and T3) are at initial levels of 4.0, 7.2, and 8.8 m, respectively; with minimum and maximum levels of 0, 9.8 m (T1), 2.0, 12.3 m (T2), and 1.2, 10.8 m (T3). The GWS source is connected to the system with a 1,000-m pipe having a 457 mm diameter and a Hazen-Williams roughness coefficient of 110. The "head-flow" curves for P1-P10 are given in Fig. 8 . The efficiency of all pumping units is assumed to be a constant of 0.75. The other data are as in EPANET Example 3 and Ostfeld and Salomons (2004) and thus not repeated here.
Constraints are imposed at 20 consumer nodes (Fig. 8) for a minimum pressure head of 25 m, a maximum pH of 8.5, and a CCPP range of 0-10 mg=L as CaCO 3 . The water quality parameters of the sources and the initial water quality conditions at the network nodes are assumed to be as in Example 1 (Table 1 ). The system is subject to an extended period demand loading pattern of 24 h and varying electricity tariffs as in Table 3 .
Base Run and Sensitivity Analysis
Figs. 9-11 and Table 5 show the results of a BR and five SA runs. Figs. 9 and 10 present for the BR the pumping unit's operational schedule (Fig. 9 ) and the time series of the source flows (Fig. 10) . Fig. 11 describes CCPP variation at selected system locations, and Table 5 summarizes the run outcomes.
Base Run
The BR solution (Table 5 ) has a total cost of $2,763, comprised of $1,930 (70% of total cost) for electricity and $833 (30%) for treatment. The required alkalinity concentration at the DWS is 80 mg=L as CaCO 3 . Most of the water (43;058 m 3 , 68% of the total supplied quantity) is withdrawn from the DWS; the remaining 32% is equally taken from the SWS and the GWS. The closest constraint values to pressure, pH, and CCPP bounds are 25.15 m [Node 15 (the highest elevated node out of the 20 locations on which constraints are imposed) at 04:00], 7.9 (Node 259, 11:00), and zero (Node 205, 24:00), respectively. Note: BR = base run; SA1 = sensitivity analysis 1; DWS, SWS, GWS = desalinated water source, surface water source, and groundwater source, respectively; E C , T C = energy and treatment cost, respectively; P = pressure. a Bounds: P ≥ 30 ðmÞ, pH ≤ 8:5, 10 ≥ CCPP ≥ 1 (mg=L as CaCO 3 ). b Including $659.60 (68% of total cost) of the price of purchasing the water at the groundwater source at 0.8 ($=m 3 ). c Received at multiple nodes/times.
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The CCPP value of zero at Node 205 at 24:00 (Fig. 11 ) is binding (i.e., an inequality constraint receiving the value of one of its bounds). Binding constraints (or more generally, proximity to constraint boundaries) are usually indications of good solutions because they reflect the model utilization of its resources just to the extent needed to accomplish its requirements. This is obviously a heuristic observation because optimality cannot be proven.
The model maximum number of generations, population size, and mutation probability were 25, 100, and 0.02, respectively. The algorithm stopping criterion was the first occurring instance between five subsequent generations with no cost improvement and the maximum predefined number of generations. The model stopped at the BR at generation 24. Running time was 91.4 h (i.e., 2;400 objective function cost evaluations ¼ 24 generations × 100 strings in each population) on a Lenovo PC Duo Core CPU P8400 at 2.26 GHz with 3 GB of RAM. This high computational expense has been obtained for both the BR and the SA runs. It highlights the intensive computational effort required to receive a solution using this methodology. Fig. 9 shows the pumping unit's operational schedule. Fig. 9 shows that all pumping units were operated for at least 10 h (P7, 41% of the time) and at most 18 h (P10, 75% of the time). Most of the water (68%) is withdrawn from the desalinated water source, which holds the highest installed capacity among all sources. Fig. 11 describes the CCPP variation at selected system locations. Those were chosen to demonstrate the model water quality variation at explanatory sites: nodes that receive water from a single source, and where a mixture occurs and the model reaches its binding lower CCPP constraint of zero. Node 109 receives water only from the surface water source; thus after 5 h (once the SWS water reaches Node 109) the CCPP value at Node 109 is 2.4 mg=L as CaCO 3 as that of the SWS. The same observation holds for Node 217, which receives only GWS water with a CCPP of 8.7 mg=L as CaCO 3 . The other nodes (i.e., 205, 145, 203, and 271) show variations in CCPP concentrations as a mixture of different water qualities. In particular, Nodes 203 and 205 are approaching the lower bound of zero CCPP at different times during the operation. A CCPP value of zero is obtained at Node 205 at 24:00. Being close to binding CCPP constraints at some locations can serve as a heuristic engineering indication that the model works properly because it exploits its resources to the level required, thus not providing higher-than-needed CCPP levels.
Sensitivity Analysis
In Sensitivity Analysis 1 (SA1) (Table 5) , the maximum number of generations was altered to 50, with 50 strings in each population. The objective of SA1 was to explore the influence of a different partition of the computational resources (i.e., a maximum of 2,500 objective function evaluations in the BR ¼ 25 generations × 100 strings in each population) on the obtained solution. This modification caused the solution to increase slightly to $2,887 ($2,763 at the BR). The binding zero CCPP value at Node 205 remained but moved to time 19:00 (24:00 at the BR). The model stopped at the maximum number of generations (i.e., after 2,500 objective function evaluations). In SA2 the mutation probability was modified to 0.04 (0.02 at the BR). This resulted an increase in cost to $3,022. The CCPP at Node 205 at time 19:00 remained binding. In SA3 Node 153, the highest elevated node in the network, was added to the set of 20 node locations on which constraints were imposed. This caused Node 153 to become binding for pressure at time 23:00, and an increase in cost and alkalinity at the DWS to $2,944 and 87 mg=L as CaCO 3 (80 in the BR), respectively. In SA4 the tank closure requirement [i.e., ε at Eq. (6)] was tightened to 0.02 (0.05 at the BR). As a result, the system's cost and alkalinity concentration at the DWS increased to $2,956 and 85 mg=L as CaCO 3 , respectively. The CCPP binding constraint remained at zero at Node 205. In SA5 the number of nodes on which constraints were imposed was increased to 30 (20 at the BR). The nodes added (spatially evenly distributed on the network layout) were 153, 115, 127, 219, 253, 123, 117, 213, 231, and 269 . This yielded a cost of $2,932, an alkalinity concentration at the DWS of 88 mg=L as CaCO 3 , a CCPP minimum value of 0.1 mg=L as CaCO 3 at Node 205 at time 10:00, and an increase to 142.8 h (91.4 h at the BR) of the computational time.
Conclusions
This study presented a model for the inclusion of chemical water stability in optimizing the operation of water distribution systems. The problem of water's chemical stability occurs when desalinated water is mixed with surface water and/or groundwater, resulting in a blend that may be characterized by a negative precipitation potential with respect to CaCO 3ðsÞ , rendering it chemically unstable. This unstable state can result in "red water," which describes a situation in which a layer of (mostly) iron oxides is detached from the internal surface of metal pipes into the water and arrives at the consumer's tap with a characteristic yellow-brown-red color, the slow deterioration of metal pipes due to corrosion, and an increase in the consumption of chlorine products, rendering disinfection less efficient.
In this work a genetic algorithm framework for optimizing the operation of water distribution systems with chemical water stability constraints was developed and demonstrated on two example applications.
Limited work has so far addressed in an explicit hydraulic multiquality optimal operation model the problem of chemical water instability. This work suggests and demonstrates such a framework.
The trials on the explored two example applications have indicated that the model responded in an explainable manner to the modifications made, with, however, a high computational expense.
Because a genetic algorithm is utilized, there is no guarantee of the solution being optimal, not even locally. However, the proximity to constraint boundaries and engineering judgment (e.g., the variation of tank water levels) can serve as heuristic indicators of good solutions.
Further research is needed to reduce the computational intensity, to incorporate additional treatment methods (e.g., addition of a strong base at groundwater sources), and objectives (e.g., reliability of the supplied water). In addition, constraints on the number of pump switches, minimum pump operation and off times, durations between pump start and shutoff, and plant or source capacity should be incorporated in future developments of this work.
Appendix. CCPP and pH Computation
This appendix provides a summary of the numerical computation scheme utilized in STASOFT4 (Loewenthal et al. 1988 (Loewenthal et al. , 2004 for computing the CCPP and pH values within the distribution system nodes.
Input water source data are pH, H 2 CO
